The critical role of urban innovation in sustaining urban economic resilience has been widely acknowledged by scholars. Yet there is far from a full spectrum of understanding about how innovation performs, despite China's innovation outputs having far outweighed most countries'. The perennial concern regarding the spatial patterns of innovation has been biased towards the macroscale, and long-standing efforts to explore the determinants of innovative vitality are focused on internal factors (e.g., research and development activities, and firm size). Considering these inadequacies, this research investigates how innovative activities are spatially distributed and how the pattern evolves in cities at the microscale, and examines influencing factors of the external environment. The patent data from 2000 to 2015 in Shanghai are geocoded and mapped into 1 km 2 hexagon grids to identify local clustering. Gini coefficient is computed to show the high concentration of innovation activities across space. The hot spot analysis based on the Getis-Ord (G i * ) statistic shows that innovation exhibits a strong concentration propensity at the microscale and gradually moves toward a polycentric pattern. However, the extent of concentration decreases over the study period. Firms dictate innovation activities, and individuals and universities also play a role in downtown innovation growth. The regression using random effect model shows heterogeneous effects on different innovation actors. The overall urban innovation output, dominated by firms, is significantly influenced by public budget expenditures and green space areas. The science and technology grant has a positive impact on authorities but not university and research institutes. This research not only contributes to a methodological innovation for measuring and visualizing an innovation pattern but also enriches our understanding of spatial evolution and critical factors of innovation activities in urban China.
Introduction
In the post-crisis era, there has been a paradigm shift from sustainability to resilience discourse given that the latter provides a better fit for an imbalanced world. Due to the very fast changes and flexibility in contemporary "liquid" society, cities are unambiguously unpredictable and complicated systems that neither the laws of economics nor mechanics alone can well explain [1] [2] [3] . Numerous updated studies suggest that innovation performance is critical to complex urban economic resilience, which determines the city's potential to cope with "disturbance" in financial tsunamis [4] [5] [6] . Yet, while China's innovation outputs have far outweighed most countries, there is far from a full spectrum of understanding about how innovation spatially evolves and what factors determine such evolution in Chinese cities. The perennial concern regarding spatial characteristics has been biased towards the macroscale. By contrast, innovation spatial patterns at the microscale (e.g., within cities)
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Spatial Characteristics of Urban Innovation
The spatial characteristics of the geographical concentration of industrial activities have long been a focus in the literature on economic geography [9, 10] . Polarization and agglomeration as two types of spatial process result from cumulative growth and explain the concentration of industrial activities in certain areas. Based on the "High Development Theory" and the existence of increasing returns to scale in industry, "polarization" [19, 20] considers concentration from the perspective of economic development while "agglomeration" [21] , with a closer relation to new economic geography, views concentration more from a spatial perspective. Scholars have universally acknowledged that the degrees of such geographic clustering may vary among different types of industrial activities [22] . With the advent of the knowledge-based economy, the spatial characteristics of innovative activities have elicited the interest of researchers, who naturally turn to traditional industrial activities for comparison. As a research premise rather than a research question, the concentration of innovative activities can be measured from two contrasting perspectives [23] . From an input perspective, venture capitalists act as crucial Schumpeterian financiers who connect new process innovations with division of labour, enabling the measurement of the geographical variation of commercially relevant innovations [24, 25] . Capitals circulate between a discrete set of regions (e.g., from hot money pouring into New York to technology-advanced Silicon Valley) and are network-based to support the localisation of financialisation [26] . From an output perspective, patents that conjoin the underlying 'technological infrastructure' and actual 'knowledge production' have been acknowledged as valid data for measuring the capability of local R&D [27, 28] . Benefitting from the availability and integrality of data sources, patent data are widely applied to existing studies [11, [29] [30] [31] [32] [33] . The Herfindahl-Hirschman Sustainability 2020, 12, 938 3 of 19 index, Gini coefficients and Ellison-Glaeser index are frequently estimated to measure the concentration levels of patents [10, 11] . These nonspatial methods can quantify the relative strength of knowledge and technology flows. Patents represent the capability to produce new inventions, and thus innovative activities measured through patents primarily refer to high-tech industries with intensive R&D activities; these industries differ from knowledge-intensive business service (KIBS) industries [34] .
Evidence from studies on advanced economies indicates that innovative activities measured through patents are considerably more clustered than other types of industrial activities [35] . A possible explanation acknowledged by a number of researchers is that tacit knowledge, which is the key to innovation production, is confined to informal face-to-face communication and cannot travel long distances [36, 37] . Thus, while knowledge spillover is capable of inducing the diffusion of innovative activities, it has geographic limits and a skewed spatial concentration because the unbalanced growth of innovative activities is unavoidable. In reality, this scenario is reflected in the concentration of innovative activities in populated and industrially advanced megacity regions for easy access to global networks, innovative talents and knowledge flows [32, [38] [39] [40] . Notably, these studies have focused on innovative spatial patterns at the continental [31, 32] , national [11, 30, 33] or regional [29] scales, with only a few enquiring into how innovative activities are distributed within a city. This constraint results from the limits of data accuracy and the issues of spatial unit selection in statistics. That is, researchers have not yet obtained a full spectrum of the urban-scale characteristics of innovative activities using patent data. This inadequacy should be addressed because cities are arguably the ultimate enabler of innovation, entrepreneurship and growth at present, wherein a place is used to substitute corporations, becoming the key organising units in the modern-day knowledge economy [41] .
The preceding studies have indicated that innovation is clustered at the macro level. However, the uncertainties and randomness of innovative activities [42] result in a complex spatial distribution at the micro level. In general, high-tech innovative firms have a different spatial preference from KIBS firms, i.e., the latter favours city centres, particularly central business districts [43, 44] . By contrast, the former are prone to locate in suburbs or even rural areas [25, 45] . Nevertheless, discernible trends in several advanced economies have shown that KIBS firms have moved outward to suburban centres, called 'concentrated decentralisation' , and R&D-intensive high-tech firms have started to return downtown in the post-crisis era, giving rise to the 'innovative district' [49, 50] . Moreover, the significant role of spatial proximity in innovation production has been questioned in recent years. On the one hand, several scholars believe that with the improvement of transportation and information and communications technology, knowledge flows will be less sensitive to distance, labeled as 'death of distance' [51] . On the other hand, over-proximity can potentially 'fossilise' and lock innovation in path dependency [52] .
In brief, if innovative activities are measured through patents, do they exhibit similar strong concentration propensity within a city? Where are they located and how do they spatially evolve? If doubts about spatial proximity are sensible, then can we reasonably assume that decentralisation innovation overwhelms the concentration trend at the urban scale? These unclear issues in the extant literature have motivated us to raise the first research question as follows:
RQ1. How are innovative activities spatially distributed and how do they evolve within a city? Sub-RQ1. 
Influential Factors of Urban Innovation
Innovation not only is an academic research and industrial practice but has also cropped up as an important concept in public policy domain [53] . Almost every type of public policy has either direct or indirect impact on innovative activities [54] . Therefore innovation is not solely achieved through internal R&D activities influenced by firm size, structure and management capability. It is also facilitated by the external environment, such as economic strength, talent mobility, human capital and institutions [13, 55, 56] . As cities and regions become the key units in organising the innovation activities of a diverse array of firms, individuals, universities and authorities, the influences of urban and regional development on innovative vitality should be explored. Indicators that can measure urban and regional development are multidimensional, and their interrelation with innovation has been extensively discussed.
Population is the primary source of human capital, and the composition of the regional talent base is closely associated with individual innovative activities in North America and Europe [57, 58] . Innovative vitality is related to population diversity and can be advanced by immigration [59, 60] ; that is, the openness of an area to outsiders is essential for innovative production. The recognition of the close connection between innovation and economic growth can date back to the early 1900s [61, 62] . Scholars have widely endorsed the economic growth and technical advancement that are central to innovation, are disruptive to evolution and are mutually reinforcing in bursts and cycles [63] . Innovation also has a positive impact on economic growth, through lifting up productivity across the economy [53] . In the current study, we propose that public budget expenditure should represent economic development because, in growth-oriented countries, particularly China, public budget expenditure reflects the government's investment in social development, which is essentially linked to economic performance [64] . Public budget expenditure is a non-market investment, including fixed asset investment and diverse subsidies to firms. This notion is important because economic development is becoming increasingly socially related at present. Industrial structure and output can also be related to innovative opportunities [65] . Institutions and public policies play important roles in creating new paths towards innovation in recent years [14, 15] . This phenomenon is highly evident in developing countries wherein bureaus spare no effort to invest in S&T. While green aesthetics through decorating cities with plants or grasses has been widely used by professional designers and architects to boost creativity and encourage innovation of urban talents, whether and how green environment contribute to innovative vitality remain inadequately understood. The popular concept "green innovation" means more energy-saving, pollution-prevention, waste recycling, green product designs or corporate environmental management by innovation [66] , but rarely showcases to what extent environment matters in innovation. Engaging environmental dimensions thus is required and can provide an enhanced understanding of innovation-urban relations. Accordingly, the second research question is proposed as follows:
RQ2. How do urban innovation activities interrelate with urban development in China, particularly population, migrants, public budget expenditure, industrial output, green space and local investment in S&T?
Data and Methods
Study Area and Data
This study selects Shanghai, one of the fast-growing dense cities in China, as the study area to identify micro-level clustering and the innovation mechanism. As a rising global city, Shanghai is the location of diverse multinational research centres and has been witness to vibrant innovation fostered by the central embrace of 'indigenous innovation capacities', the local articulation of 'global science and technological innovation centres' and the global spillover of R&D [17] (Figure 1 ). To examine how innovative activities perform within Shanghai, we conduct an analysis in two scales: (1) A sub-city mesoscale across 16 districts to reflect administrative division-based patterns and (2) an intra-city microscale using 1 km 2 hexagon grids to identify micro-clustering characteristics. We use the patent data from the State Intellectual Property Office with application addresses in Shanghai to focus on high-tech firms with intensive R&D (Figure 2 ). The number of annual patent applications surged from approximately 9000 in 2000 to more than 90,000 in 2015. Firms are the major sources of patents and account for more than 60% of the total number, followed by university and research institutes, which contribute 10% to 20%. Individuals account for considerably less, with the proportion reduced from over 15% to less than 5%. Authorities refer to non-research-oriented public entities, such as governments, public schools and the military. Their contributions are minimal in recent years. Our preliminary observation at the mesoscale indicates an uneven innovation growth pace for the past 16 years ( Figure 3 ). Jinshan, Songjiang, Chongming and Fengxian, located on the outskirts, have increased over 35 times. Pudong, Jiading, Qingpu and Minhang, located in the inner suburbs, have grown more than 20 times. By contrast, the growth in the central city districts is less than seven times. The distribution of innovative activities across urban districts is also unbalanced. Pudong and Minhang, the two leading industrially developed districts, have ranked as the top two in terms of the total number of submitted patent applications. Xuhui and Yangpu, the two knowledge-intensive districts in the central city, have more than 70,000 records, and are ranked third and fourth, respectively. With top universities and research institutes, Xuhui and Yangpu illustrate how university-industry ties play a role in the development of micro-innovative clusters (e.g., Caohejing Hi-Tech Park). They considerably outweigh other districts in terms of innovation output per capita and per km 2 . In Xuhui, Shanghai Jiaotong University, East China University of Science and Technology and University of Shanghai for Science and Technology have expanded industry-university-research Sustainability 2020, 12, 938 6 of 19 cooperation either by establishing an industrial base in nearby development zones or building strategic partnerships with competitive R&D firms. Yangpu's innovation vibrancy owes much to its well-known knowledge circle, providing talent from universities (e.g., Fudan, Tongji, Shanghai University of Finance and Economics), hackerspaces and innovation platforms. Benefitting from university towns and industrial parks, Songjiang ranked fifth and has outstanding innovation output per billion gross domestic product (GDP), followed by Baoshan, Jiading and Qingpu. Overall, a preponderance of patent applications exists in the suburbs. Chongming, traditional Luwan, Jin'an and Hongkou are bottomlands of innovation but exhibit high potential. Apart from patents, we also use data from the Shanghai Municipal Statistical Bureau (Shanghai Statistical Yearbook 2004-2018) and the Shanghai Science and Technology Committee (Shanghai S&T Statistics Yearbook) to complement the analysis. 
Research Methods
Spatial Analysis of Innovation Characteristics
The applicants' addresses were geocoded using Baidu's Map Geocoding API. The derived coordinates were then mapped onto a hexagon grid for analysis and visualisation. Each hexagon covers 1 km 2 ; hence, the density of each grid is equal to its patent number.
(1) Average annual growth rate To calculate the average annual growth rate of urban innovation in Shanghai since 2000, a loglinear least squares regression was applied to mitigate the sensitivity of the difference between the first and last years. Let y0 denote the total patent applications of the initial year and r denote the mean annual growth rate. The total number of patent applications in the ith year yi is as follows: 
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Spatial Analysis of Innovation Characteristics
(1) Average annual growth rate To calculate the average annual growth rate of urban innovation in Shanghai since 2000, a log-linear least squares regression was applied to mitigate the sensitivity of the difference between the first and last years. Let y 0 denote the total patent applications of the initial year and r denote the mean annual growth rate. The total number of patent applications in the ith year y i is as follows:
The logarithms of both sides is considered, i.e., ln y i = ln y 0 + i * ln(1 + r) Then, we perform linear regression with ln(y i ) as the dependent variable and i as the independent variable. We obtain β as the coefficient of i. Then, the annual growth annual rate is as follows:
(2) Gini coefficient To determine the extent of the spatial concentration and dispersion of the innovation output, we calculate the annual Gini coefficient from 2000 to 2015 on the basis of the patent applications in each hexagon grid. The Gini index is originally used in economics to measure wealth inequality and is extended to measure the spatial distribution of economic activities [67] . It is denoted by
where n represents the number of hexagon grids. Gini ranges from 0 to 1, with 0 indicating a complete dispersion of patent activities and 1 denoting complete concentration. The higher the value, the more concentrated the innovative activities, and vice versa.
(3) Getis-Ord (Gi*) statistic To identify innovation clustering intensity during urban development, we calculate the hot and cold spots of innovation spaces using the Getis-Ord (G i * ) statistic. Another commonly used method for cluster analysis is the local Moran's I statistic proposed by Anselin [68] . Local Moran's I statistic is able to distinguish spatial clusters (high or low values of concentrations) or outliers (a high value surrounded by low values or a low value surrounded by high values). This local statistic can reveal positive and negative spatial clusters when the values are categorized to the four quadrants in a Moran scatter plot. This work attempts to delineate spatial concentrations of innovation activities. Compared with local Moran's I statistic, we think the Gi* statistic better serves our purpose in the hot spot analysis. A hot spot represents an identifiable location or a small area that displays a clustering of high values. By contrast, a cold spot refers to a clustering of low values. The patent applications in each geographic location are aggregated. However, a high-or low-value cluster is not necessarily a statistically significant hot or cold spot. To validate statistical significance, we perform a hot spot, i.e., Getis-Ord (G i * ) analysis. The general principle is to compare the local average with the global average. If a location exhibits a high value, along with the high values of its neighbours, then it will be considered a hot spot. The Gi* statistic evaluates the statistical significance of locations by comparing the local average of the location and its neighbours to the global average, yielding a Z score [69] [70] [71] .
We map the hot spots of patent activities in Shanghai's metropolitan area. The standardised Gi* statistic is calculated as
where x i is the value of location i; x and s denote the sample mean and standard deviation, respectively; ω ij = to 1 if i and j are neighbours and W = j ω ij . The G i * statistic is a Z score. When the G i * statistic is positive, the larger the value, the more intense the clustering of high values will be. When it is negative, the smaller the value, the more intense the clustering of low values will be. Thus, a clustering of the highest G i * statistic is identified as an innovation centre.
Regression Analysis of Innovation-Urban Development Relations
Regression is used to analyse how urban development influences innovation. Several indicators, such as independent variables, are collected from yearbooks to represent the social, environmental and economic development in each district of Shanghai. To test their effects on innovation, patent records are aggregated for each district every year and used as dependent variables. After we construct the panel data or pooled cross-sectional time series data from 2005 to 2015, a random effect model (REM) is adopted to control for unobserved time-invariant district heterogeneity. REM assists in controlling for unobserved heterogeneity, which means, in our case, the spatial effect is partially captured by REM. Besides, compared with the fixed effect model, REM is found to better handle temporal autocorrelation and heteroscedasticity [72] .
(1) Dependent and independent variables (shown in Table 1 ) Innovation output from four types of actors, namely, firms, individuals, universities and authorities, is distinguished as dependent variables to offer a nuanced understanding of innovation in Table 1 . Moreover, seven key factors are summarised as independent variables to capture the impact of urban development on the innovation process. The resident population is used to reflect human capital foundation, and migrants represent human capital flow. The general public expenditure is used as a surrogate for socioeconomic development, which exerts a positive effect on innovation. Gross industrial output is an important indicator of industrial economic scale. Green space, which is beneficial for physical and psychological health, is an indicator of urban construction level and environment quality. Green space is included to test the environmental effects. The area of green spaces is calculated in urban built-up areas, excluding woodland and cultivated land. Technology funding from S&T commissions and local authorities are also considered.
(2) Regression equation As shown in the equation below, REM is adopted to examine the effects of various factors on the innovation process.
The dependent variable, y i,t , represents the level of innovation output of district i at year t. x i,t represents all the independent variables explained in the last subsection. a i is a district-dependent variable that is used to capture unobserved heterogeneity, and e i,t is the error term. 
Results and Discussion
Characterising Innovation in Urban Space: Towards a Decentralised and Polycentric Pattern
We first examine RQ1 by exploring the spatial distribution and temporal evolution of innovative activities in Shanghai. The result at the microscale generally indicates a strong spatial concentration of patents in the city centre and near the suburbs. However, the temporal evolution exhibits a distinct transportation-oriented spillover (along highways, such as S4, S5, G15, G60 and G50) dominated by firms (Figures 4 and 5 ). A stratified spatial pattern is formed. Log-linear least squares regression analysis indicates that the annual growth rate of patent applications in the central city is 12.4%, which is considerably less than that in the inner suburbs (22.2%) and outer suburbs (26.3%). Patent density is spatially dispersed from the central city (630 patents/km 2 ) and the inner suburbs (177 patents/km 2 ) to the outer suburbs (145 patents/km 2 ). Patents from individuals have decreased, concentrating in the downtown area and inner suburbs, indicating a high sensitivity to transportation accessibility and location. Patent applications are active from universities and research institutes but inactive from authorities. Both are distributed in the downtown area.
Patents are visibly concentrated in the downtown area, but the annual Gini coefficient indicates a 'concentrated decentralisation' of all the four innovative actors (Figure 6 ). Firm and individual patents are the most decentralised (the Gini coefficient dropped 17.6% and 10.3%, respectively), followed by patents from authorities (the Gini coefficient dropped 9.8%). By contrast, university patents are relatively stable (the Gini coefficient dropped 1.2%). Overall, the concentrations of innovation activities have remained high (the Gini coefficient is higher than 0.8 in all the years). However, the extent has decreased, with the Gini coefficient decreasing from 0.95 in 2000 to 0.82 in 2015.
a 'concentrated decentralisation' of all the four innovative actors (Figure 6 ). Firm and individual patents are the most decentralised (the Gini coefficient dropped 17.6% and 10.3%, respectively), followed by patents from authorities (the Gini coefficient dropped 9.8%). By contrast, university patents are relatively stable (the Gini coefficient dropped 1.2%). Overall, the concentrations of innovation activities have remained high (the Gini coefficient is higher than 0.8 in all the years). However, the extent has decreased, with the Gini coefficient decreasing from 0.95 in 2000 to 0.82 in 2015. The Getis-Ord (Gi * ) statistic discerns a polycentric structure of innovative activities that evolve from a monocentric structure. Our mapping (Figure 7) , which is based on a 1 km 2 hexagon grid, identifies hot and cold spots based on how the intensity of patent activities deviates from the global mean score. Evidently, the patent clusters in the early 2000s emerged in university-intensive Yangpu and Xuhui. From 2004 to 2007, the significance of high-tech industrial bases increased, with new patent clusters appearing along S4 around the Minhang Zizhu S&T Industrial Park and the Pudong Zhangjiang High-Tech Industrial Development Zone. The early monocentric patent spatial structure has evolved into a polycentric structure since 2008, and an additional cluster around Songjing University Town, along the G60 S&T corridor, has emerged. Nevertheless, the nascent polycentric structure remains uncertain. The Gi * statistic was higher in Hongqiao, Minhang and Songjiang than in the rest of the area in 2009, regaining a high value in Yangpu in 2010. A clearer structure may take years to form. Patent clusters in Zhangjiang, Hongqiao, Yangpu, Minhang and Songjiang became discernible in 2015. Firms and individuals play significant roles in the formation of a polycentric structure, although their roles are different. Individual patent centres identified by the Gi* statistic moved from the Tongji-Fudan area, city centre (People's Square), Shanghai Indoor Stadium and Wuning Road before 2012 to Minhang University Town after 2012, i.e., close to either university campuses or easily accessible downtown areas. This movement is in stark contrast to those of firm patent centres that initially appeared in the northeastern city centre (Tongji-Fudan area) and then emerged in Pudong Zhangjiang (2004), central Baoshan, Hongqiao (2011) and Songjiang (2013, 2015) thereafter. While the hot spots of patents from universities and authorities are hardly discernible, the former is essential for the Minhang patent centre whilst the latter sustains the city centre's patent cluster. Undoubtedly, the site selection of these institutes largely determines the structure of innovation space. The Getis-Ord (G i * ) statistic discerns a polycentric structure of innovative activities that evolve from a monocentric structure. Our mapping (Figure 7) , which is based on a 1 km 2 hexagon grid, identifies hot and cold spots based on how the intensity of patent activities deviates from the global mean score. Evidently, the patent clusters in the early 2015) thereafter. While the hot spots of patents from universities and authorities are hardly discernible, the former is essential for the Minhang patent centre whilst the latter sustains the city centre's patent cluster. Undoubtedly, the site selection of these institutes largely determines the structure of innovation space. To better understand how spatial characteristics of the innovation outputs cope with urban industrial development, Figure 8 maps the overall spatial layout of industry positioning of Shanghai's key regions. It can be observed that the actual innovative activities are somewhat mismatched from the planned industrial clusters. At the municipal level, the government strategically prioritized suburban area in industrial development, but innovation outputs in central area remains far outweighed those in outskirts. Shanghai's urban innovation system still has a long way to go to become mature but is promising, given that innovative activities remain unbalanced between the central city area (including its nearby suburbs) and the outskirts and also that innovative activities have grown quickly in the suburbs in recent years. To better understand how spatial characteristics of the innovation outputs cope with urban industrial development, Figure 8 maps the overall spatial layout of industry positioning of Shanghai's key regions. It can be observed that the actual innovative activities are somewhat mismatched from the planned industrial clusters. At the municipal level, the government strategically prioritized suburban area in industrial development, but innovation outputs in central area remains far outweighed those in outskirts. Shanghai's urban innovation system still has a long way to go to become mature but is promising, given that innovative activities remain unbalanced between the central city area (including its nearby suburbs) and the outskirts and also that innovative activities have grown quickly in the suburbs in recent years. 
Searching for Influential Factors of Innovation: Dominance of Socioeconomic Development and Urban Greening
We then examine RQ2 to determine how innovative activities have been influenced by Shanghai's urban development. The REM results are provided in Table 2 . We have computed Durbin-Watson (DW) statistics to test serial correlations. Except for the university case, most models do not observe significant effects of serial correlations. Besides, we have conducted Breusch--Pagan's LM tests for cross sectional dependence. The REM models do not have significant cross sectional dependence issues in our cases. In general, the performance of Yi (the number of patent application records) is significantly interrelated with public budget expenditure and green space area with both having p-values of less than 0.001. The two factors are also significantly interrelated with resident 
We then examine RQ2 to determine how innovative activities have been influenced by Shanghai's urban development. The REM results are provided in Table 2 . We have computed Durbin-Watson (DW) statistics to test serial correlations. Except for the university case, most models do not observe significant effects of serial correlations. Besides, we have conducted Breusch-Pagan's LM tests for cross sectional dependence. The REM models do not have significant cross sectional dependence issues in our cases. In general, the performance of Y i (the number of patent application records) is significantly interrelated with public budget expenditure and green space area with both having p-values of less than 0.001. The two factors are also significantly interrelated with resident population. The results indicate that an increase in public budget expenditure and green space area can improve the performance of urban innovation output. The urban population scale also plays a positive role. This result implies that innovation output performance has been considerably improved during post-World Trade Organisation urban development in Shanghai. Note: * p < 0.05, ** p < 0.01, *** p < 0.001.
The interplay or mutual enhancement of economy and innovation has long been noted in many studies [73] [74] [75] [76] . Our regression result supports the view that innovation output, particularly firm innovation, is positively associated with public budget expense. On the one hand, the public budget expenditure of Shanghai is growth-oriented and indirectly represents economic development. This finding is derived from the synchronisation of Shanghai's GDP growth and public budget expenditure from 2000 to 2015. Shanghai's GDP increased from 481.2 billion to 2565.9 billion, alongside its public budget expenditure, which surged from 62.3 billion to 619.2 billion. Thus, we can reasonably argue that improved economic performance increases innovation output. On the other hand, public budget expenditure indicates how the government is financing social development, such as general public service, public security, education, social security, employment, health care and family planning, and urban-rural communities (these items are derived from the official definition of the Shanghai Statistical Bureau). Thus, a high social development level may improve the performance of innovation output. Moreover, education is crucial for innovation because, amongst the aforementioned budget items, expenditure on education nearly accounts for the highest proportion each year.
Green spaces exert significantly positive effects on innovation output. The result indicates that firms are more sensitive to green spaces than the other actors when engaged in innovative activities. Urban greening can indirectly influence urban innovation in at least two aspects. Firstly, as an indicator that reflects the urban construction level, urban greening can frequently identify a newly planned and well-designed area that is capable of attracting firms and people. The attracted actors are the major sources of innovation. Secondly, as an indicator of urban environment quality, urban greening can frequently identify large open spaces, low urban density and less crowded areas, which are often situated away from the city centre and can offer ample space for R&D and production. However, these areas may lack mature supporting facilities to attract individuals, explaining why firm innovation is positively related to green spaces but individual innovation is not.
While not as significant as public budget expenditure and green space, resident population also contributes to urban innovation output. Human capital has been cited as an important factor that influences innovation output performance in several studies [77] [78] [79] . The larger the population base, the more innovative talents and labour resources firms will gain. REM indicates that an increase in migrants increases innovation output from universities and individuals, indicating that higher education institutions with a steady stream of new talents is more likely to innovate.
While not significantly correlated with the total amount of innovation, other variables also interrelate with subtypes of innovation output. For example, REM indicates that the growth of the industrial output value improves the performance of firm innovation; that is, innovation from firms exhibits a close relation with industrial activities. However, a similar growth reduces university and individual innovation output. An increase in technology investment from S&T commissions is positively associated with authority and individual innovation performance; thus, S&T commissions should aim to support these actors. An increase in local technology investment leads to the growth of university innovation, i.e., innovation from higher education institutions receives considerable gains from the financial support of local governments.
Conclusions
This study provides a microscopic view of urban innovation outputs, which are critical for urban economic resilience to cope with "disturbance" in financial tsunamis. This study demonstrates that innovative outputs, when measured through patents at the micro level, exhibit strong concentration propensity within a city. Innovation activities agglomerate in the city centre and near suburbs, particularly in Puxi. The Getis-Ord (G i * ) statistic accurately identifies patent concentration areas, which are knowledge/resource-intensive. However, overall concentration decreases when quantified by the Gini coefficient because patents are decentralised, cluster around the major rapid transportation corridors (S4, G15, G60, G50 and S5) and expand into the surrounding neighbourhoods (Figures 4  and 5 ). This evolution differs from the recent high-technologisation of inner cities in London or New York (Foord, 2013, Katz and Wagner, 2014) . However, the process is similar to the 'concentrated decentralisation' of KIBS firms in several advanced economies. This phenomenon requires further research. Moreover, the sensitivity of patent clusters to transportation accessibility in Shanghai refutes the 'distance death' argument, implying that spatial proximity remains important to knowledge spillover at the microscale. While firms contribute the most and dictate the innovation landscape, individuals and universities are indispensable to patent growth, particularly in the city centre. Gi* mapping shows how an initial monocentric innovation space structure has evolved into a polycentric structure around Zhangjiang, Yangpu, Hongqiao, Minhang and Songjiang. In the early 2000s, innovative activities were knowledge-driven and clustered in the Yangpu knowledge circle and in Xuhui (near universities, such as Shanghai Jiaotong, and high-tech industrial parks). Policy support for industrial parks has nurtured technology-driven innovation centres in Minhang, Songjiang and Zhangjiang. Coping with suburban spatial policies, industrial parks, as significant carriers of innovation activities, have thrived and assisted the formation of a polycentric innovation space structure. A time lag exists between innovation clusters fostered by innovation policies and spontaneously developed clusters (e.g., knowledge-driven innovation centres). Spatial differences between individual and firm innovations are also notable. Individual innovation is more sensitive to location than other types of innovation activities. By contrast, firm innovation relies more on policy support. We determine that public budget expenditure and green space significantly influence urban innovation output. On the one hand, the findings support the long-standing view that innovation, as a creative destruction of the economy (Schumpeter, 1934) , is considerably influenced by economic growth. On the other hand, the findings can enrich the extant literature on green innovation vibrancy. The REM result confirms that population leads to individual innovation output similar to that in North America and Europe (Roberts, 1991 , Sternberg, 2009 ); however, only REM demonstrates a significant correlation between university/individual innovative vitality and immigration (Froschauer, 2001 , Lee et al., 2004 . We believe that immigrants' quality, instead of quantity, is significant in Shanghai's path towards being a world-class innovation centre, leaving considerable room for improvement. Institutional factors, such as government's input for innovation, are sensible. However, they are more important in innovation from authority and university than in other actors.
The current study has several limitations that require further effort to improve. Firstly, we exclusively use patent data to represent innovation output. Juxtaposing these data with complementary information from other data related to innovation, such as scientific publications and creative products, may produce a complete picture of innovation across a metropolis. Secondly, this study examines innovation from an output perspective. Investigating innovation activity from an input perspective is equally important because innovation productivity is sensitive to government investment in R&D and cash flow from the venture capital industry. Understanding how investment impacts output will help assess policy implications of the innovation strategy. Thirdly, this study is a city-based analysis that further research can 'open the box' to scrutinise multi-level spatial patterns of innovation. Nevertheless, these limitations do not undermine the significance of this study because it is the first to provide details of the evolving trajectory and influential factors of innovation from a microscopic view. It also contributes to a methodological innovation for statistically measuring and spatially visualising innovation concentrations. The analytic framework is not only effective in depicting the spatial process of innovation development, but is also helpful in evaluating strategic investments and policy making in innovation programmes. 
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